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Numerous diseases can occur when swimming or fishing in contaminated 
water. It is important that the quality of water is being monitored prior to 
recreational activities. To model the quality of the water at any given time 
with available predictors, data from bodies of water across New Jersey from 
1999 to 2013 was collected from the database STORET. The water quality 
parameters studied were Escherichia coli (E. coli) and enterococcus with the 
predictors as Dissolved oxygen (DO), pH, Salinity, Temperature, Total Dis­
solved Solids (TDS) and Total Suspended Solids (TSS). The data was broken 
down by habitat type. The habitat types in this study are: river, coastal, inland 
coastal, and ponded. For each habitat, statistical models were built for E. coli 
and enterococcus as response variables with available predictors given above. 
The techniques we used to analyze this data were multiple regression, logistic 
regression, and lasso regression. Likelihood ratio tests and deviance tests were 
used to do model selection. The results of each method were compared for each 
habitat. With the best selected model, water quality can be predicted using 
available predictors.
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1 Background
It is important to monitor the safety of recreational waters. Pollution of the water 
can occur naturally or from human activities. ” Pathogens can enter a waterbody via 
fecal contamination as a result of inadequately treated sewage, faulty or leaky septic 
systems, runoff from urban areas, boat and marine waste, combined sewage overflows, 
and waste from pets, farm animals, and wildlife”, [5]. Disease can occur if swimming 
in contaminated waters. Such diseases include typhoid fever, cholera, giardiasis, and 
much more. It is very expensive to directly test for these pathogens. Instead the U.S. 
Environmental Protections Agency (EPA) recommends the monitoring of E. coli and 
enterococcus as pathogen indicators. There are numerous groups that sample and 
monitor the water in New Jersey. These groups are made up federal, state and local 
government groups, nongovernment groups and volunteer groups. [5]
2 Basic Terminology
Dissolved Oxygen
Dissolved oxygen is the total amount of gaseous oxygen dissolved in the water. Oxy­
gen is essential to all life in the habitat such as plants and marine life. Oxygen is 
required for respiration and supports decomposition. Levels of dissolved oxygen are 
constantly changing. Ideally, dissolved oxygen levels should be 5 mg/L or higher to 
support aquatic life. When dissolved oxygen is between three and five milligrams per 
liter it is traumatic to aquatic life. Hypoxia occurs when dissolved oxygen is below 3 
mg/L and mobile species will seek a new location while stationary species could die. 
When dissolved oxygen is below 0.5 mg/L all life in the area that needs oxygen will 
die. Low dissolved oxygen causes more plankton growth and the exhaustion of more 
oxygen as the plankton die off. [5]
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pH
pH measures the acidity and alkalinity of the water. It can range from zero to fourteen. 
Seven is considered to be neutral, below seven acidic and above seven alkaline. Ideally 
pH should be between 6.5 and 8.5. More specifically in freshwater pH should average 
between 7.0 and 7.5 and in saltwater 8.0 to 8.6[5]. When pH is below 5 or above 9 
survival of marine life is threatened [5].
Salinity
Salinity is the amount of salts dissolved in the water. Salinity is measured in parts per 
thousand or ppt. Fresh water is considered to have less than 0.5ppt in the water and 
brackish salt waters are considered to have greater than or equal to 0.5ppt. Salinity 
governs the type of life that lives in the water. [5]
Total Solids
Total suspended solids are minerals suspended in the water. They can be organic and 
inorganic. High concentrations absorb light and decrease water quality. Toxins can 
cling onto suspended particles. Minerals, salts, metals, cations or anions dissolved 
in the water are considered total dissolved solids. Total dissolved solids measures 
organic and inorganic substances. Total solids can cause water to become less clear.
[ i ]
Fecal Coliforms and Fecal Streptococci
E. coli and enterococcus are indicator bacteria that public health agencies use to 
determine the potential for fecal contamination. E. coli is a type of fecal coliform and 
enterococcus is a type of fecal streptococci. E. coli and enterococcus are recommended 
by the EPA to test the safety of recreational waters. Fecal coliform can make up to 50 




All data was collected from the EPA’s database STORET. STORET is com­
posed of two databases. The databases are constructed upon when the data was 
initially provided to the EPA and where it was firstly archived. The two databases 
are: STORET Legacy Data Center (LDC) and STORET Data Warehouse. The LDC 
is any data acquired prior to 1999 including biological, habitat, and physical/chemical 
results. This resource can not be updated. The STORET Data Warehouse is all of 
the data collected since January 1, 1999. More information is stored in this section of 
the database. In addition to the results that can be found in LDC this database also 
contains metrics and indices. The data needed to be reformatted so that it could be 
analyzed. This was done using the reshape command in R Studio. After the format 
was corrected the data was broken up into two separate files, one for the response 
variable E. coli and one for the variable enterococcus. Within each data set any 
row not containing the response variable was deleted. Each variable was checked to 
ensure that units were consistent. Unit conversions were made to correct any prob­
lems. The data was broken down by habitat type consisting of coastal, inland 
coastal, river, ponded. The river data was further broken down into two separate 
data sets one with salinity is less than 0.5 ppt (fresh water) and the other one with 
salinity is greater than or equal to 0.5 ppt (brackish and salt water). For each of 
the habitat types mean, standard deviation, standard error and range were checked 
to make sure values were within the normal scope. Any measurement that did not 
make sense biologically was treated as NA. For the E. coli dataset the inland coastal, 
ponded and coastal data was removed from the study due to the lack of measurement 
for the explanatory variables. Box plots were checked for each variable within each 
habitat type to examine the distribution. If the distribution was highly skewed a log
1 1
transformation was used to correct the skewness.
4 Methods
Multiple regression models were used to determine the relationship between avail­
able predictors and the number of bacteria in the water. We started with models 
having all interaction terms, and then did model selection and kept the models with 
only significant interaction terms. All the models were compared by using log like­
lihood statistics for nested models. Model assumptions were checked using residual 
versus fitted plot and Q-Q plot.
Logistics regression is used to determine the relationship of the predictors with 
the overall safety of the water. Deviance is used to assess the fit of all logistic regres­
sion models. Based on the EPA clean water criteria, we define E. coli as 0 (safe to 
swim) if it is less than 126 cfu and 1 (unsafe to swim) otherwise. We define entero­
coccus as 0 (safe to swim) if it is less than 35 cfu and 1 (unsafe to swim) otherwise. 
Odds ratios are reported and interpreted for significant predictors.
Lasso regression was fitted for all of the data sets as a variable selection tech­
nique. Lasso regression is a shrinkage method similar to least squares regression. It 
shrinks the regression coefficients towards zero and performs variable selection to get 
the best possible model by setting some coefficients equal to zero. It minimizes the 
usual sum of squared errors, with a bound on the sum of the absolute values of the co­
efficients. The parameter value, lambda, that controls the impact of this extra term 
on the regression coefficient is selected though the cross validation method. Plots 
were generated to show the cross validation results and what happens to the regres­
sion coefficients as lambda increases. [4] The lasso assumes that the observations are
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independent. The lasso can yield coefficients of zero. This is because of the geometry 
of the lasso. The region produced is a square. If the solution hits the corner of the 
square it will result in the coefficient equal to zero. [6]
5 E. coli: River
The river data set contains the explanatory variables dissolved oxygen, pH, salinity, 
temperature, total dissolved solids and total suspended solids. Salinity was used as 
an indicator of fresh water (0) or salt water (1). The EPA recommends that E. coli is 
used for fresh water and not salt water. There were 400 complete observations in this 
data set. E. coli and TDS have extreme ranges. Due to skewness a log transformation 
was used on E. coli, TDS and TSS. The summary statistics for this data is shown 
in Table 1. Box plots for each variable were created as well as for the transformed 
variable when necessary. These box plots are shown in Figure 1 and Figure 2.
Table 1: Summary Statistics for E. coli: River with Salinity Indicator
3 II o o E. coli DO pH Salinity Temperature TDS TSS
mean 75.21 7.85 7.32 0.25 20.20 285.69 18.42
SD 110.86 1.91 0.47 0.66 6.20 672.38 20.65





E. coli log(E. coli)
DO pH
Figure 1: Box plots for E. coli, log(E. coli), DO, and pH
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Figure 2: Boxplots for Temperature, TDS, log (TDS), TSS, log (TSS)
14
5.1 M ultiple Linear Regression
We fit multiple linear regression for E. coli dataset with an indicator of salinity. The 
indicator of salinity represents salt water and fresh water. When the variable is equal 
to 1 it indicates salt water and zero if fresh water. We first fit the model with no inter­
action terms. Next, we fit the model with all two-way interaction terms. After fitting 
the two-way interaction model we refit the model with only the significant interaction 
terms. The models were then compared using the log likelihood statistic for nested 
models. The model with insignificant interaction terms removed was determined to 
be the best model. The results are shown in Table 2. The significant predictors 
include dissolved oxygen, indicator of salinity, log(TSS), the interactions between: 
log(TDS) and salinity indicator, salinity indicator and log(TSS), and log(TDS) and 
log(TSS). Dissolved oxygen has a negative relationship with the number of E. coli in 
the water. As dissolved oxygen increases the number of E. coli in the water decreases. 
Greater levels of dissolved oxygen indicated a better water quality. Less E. coli also 
indicates a better water quality. Salt water rivers have a lower number of E. coli 
than freshwater rivers when all other variables are held constant. This supports the 
fact that the EPA recommends the use of enterococcus rather than E. coli due to its 
ability to survive better in salt water [2]. Higher amounts of total suspended solids 
increase the number of bacteria in the water. High amounts of total suspended solids 
can cause the water to become less clear. This can decrease the amount of dissolved 
oxygen in the water as well [5]. Based on the results of the model, the effect of TDS 
and TSS is dependent on salinity. For the salt water river there is a greater increase 
in the number of bacteria in the water when TDS and TSS increases. This model 
has a highly significant p-value of 0.00014. It has a relatively low adjusted R-squared 
of 0.4677. This is an indication that the model may need other predictors. Figure 3 







all of the residuals are randomly scattered the constant variance assumption is met. 
The normal Q-Q plot is generated in Figure 4. The residuals do produce a straight 
line pattern therefore the normality assumption is met.
Table 2: Linear Regression Output
Coefficient Estimate Std. Error t-vaiue p-value
Intercept -0.44 3.17 -0.147 0.89
DO -0.11 0.052 -2.18 0.03
pH 0.04 0.14 24 0.81
sal.ind -14.81 3.80 -3.89 0.000118
Temp -0.01 0.01 -0.79 0.43
logtds 0.88 0.63 1.38 0.16
logtss 2.92 0.97 2.98 0.003
sal.ind*logtds 1.48 0.44 3.36 0.0008
sal.ind*logtss 1.69 0.71 2.38 0.02
logtds*logtss -0.54 0.20 -66 0.008
Residuals vs Fitted
2.5 3.0 3.5 4.0 4.5 5.0
Fitted values
lm(logecoli ~ DO + pH + sal.ind + Temp + logtds + logtss + sal.ind * logtc














lm(logecoli -  DO + pH + sal.ind + Temp + logtds + logtss + sal.ind * logtc
Figure 4: Q-Q Plot
5.2 M ultiple Logistic Regression
We fit multiple logistic regression for the E. coli dataset with an indicator of salin­
ity among the explanatory variables. This dataset contains the following predictor 
variables DO, pH, indicator of salinity, temperature, total dissolved solids (TDS) and 
total suspended solids (TSS). E. coli was fit as a binary response variable with 1 
indicating the water is unsafe to swim (E. coli > 126cfu) and 0 if the water is safe 
to swim. The results are shown in Table 3. For this model total suspended solids is 
the only significant predictor. Our fitted model suggests that for every one unit in­
crease in TSS the odds of unsafe water quality is multiplied by 1.0159 when all other 
variables are held constant. This tells us that that an increase in total suspended 
solids increases the odds of the water being unsafe to swim. This result is expected 
because higher amounts of total suspended solids can cause a reduction in the amount
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of dissolved oxygen and cloud the water [5]. The residual deviance has a p-value of 
0.802, indicating that this model does fit the data well.
Table 3: Logistic Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 0.15 2.34 0.06 0.95
DO -0.19 0.10 -1.93 0.05
pH -0.05 0.30 -0.18 0.86
sal.ind -1.33 0.81 -1.64 0.1
Temp 0.00003 0.03 0.001 0.99
TDS 0.00002 0.0003 0.088 0.93
TSS 0.02 0.007 2.38 0.017
5.3 Lasso Regression
We fit the lasso with all of the predictors in the model, with the response variable 
as the number of E. coli in the water. The lasso method kept all of the predictors 
in the model. The best lambda value chosen cross validation is 62.64. Figure 5 
shows the minimum mean squared error at the best lambda value. The results are 
shown in Table 4. This model shows higher amounts of dissolved oxygen decrease the 
number of bacteria in the water. The indicator of salinity tells us the salt water has a 
lower number of bacteria than fresh water. Temperature has a negative relationship 
with the number of bacteria in the water. Higher temperature would decrease the 
amount of oxygen in the water [5]. Higher amounts of dissolved oxygen indicates good 
water quality and low bacteria indicates good water quality. We would have expected 
temperature to have a positive relationship instead. pH has a positive relationship 
with the bacteria increasing the amount of bacteria in the water. Total suspended 
solids has a positive relationship with the number of bacteria in the water. This is 
expected. An increase in total dissolved solids increases the amount of bacteria in 












of bacteria as it increases. Figure 6 show as lambda increases the coefficients for the 
predictors decreases closer to zero.
















Figure 5: Cross Validation plot
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Figure 6: Coefficients plot
5.4 Discussion
For the river data set we have fit multiple linear regression, logistic regression and 
lasso regression. The linear regression model is highly significant with a p-value of 
0.00014. The deviance was used the test the goodness of fit for the logistic regression 
model. The p-value of the deviance 0.802, which is very large. This indicates that 
the model fits the data well. We are unable to say one model is better than the other 
because they are both a good fit. If someone is trying to model the number of E. coli 
in the water the linear regression model is best. If some is trying to determine the 
overall safety of the water for swimming, the logistic regression model is best. The 
lasso model is best for a variable selection procedure.
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6 E. coli: River - Fresh Water
The fresh water river data set contains the explanatory variables dissolved oxygen, pH, 
temperature, total dissolved solids and total suspended solids. This model is for fresh 
water only and salinity is not included in the model. There are 363 observations in this 
data set. The distribution of E. coli and TSS is highly skewed, a log transformation 
was taken to correct the skewness. Table 5 shows the summary statistics for each 
variable contained in this dataset. Figures 7 and 8 contain the box plots of all 
variables.
Table 5: Summary Statistics for Fresh Water River
N=363 E. coli DO pH Temperature TDS TSS
Mean 78.14.9 7.9 7.31 19.96 143.11 15.42
SD 113.85 1.96 0.48 6.31 62.97 16.70
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Figure 8: Box plots for Temperature, TDS, log(TDS), TSS, log(TSS)
6.1 M ultiple Linear Regression
We fit multiple linear regression using all available predictor variables and no interac­
tion terms. We then fit another model with all two-way interaction terms. Insignifi­
cant interaction terms were removed and then the model was refit. The log likelihood 
statistic was used to determine that the model with insignificant interaction terms 
removed is the best model. The significant predictors for this model are pH, log(TDS) 
log(TSS), the interactions between: DO and log(TDS), pH and temperature, tem­
perature and log(TDS) and log(TDS) and log(TSS). The results are shown in Table 
6. The p-value (0.00061) for this model is highly significant. This model has an 
extremely low adjusted R-squared value of 0.055. The constant variance and normal­
ity assumption are met for the model. Figure 9 shows the residual values randomly 
scattered around zero. Figure 10 shows the straight line pattern of the residuals in
22
the Q-Q plot. Our fitted model suggests, pH has a negative relationship with the 
number of E. coli. As pH increases the number of E. coli decreases. pH can impact 
bacteria. This would decrease the water quality. TDS has a postive relationship 
with the number of E. coli in the water. As TDS increases, the number of E. coli 
increases. TSS has a positive relationship with the number of E. coli in the water. 
More total solids in the water decrease the water quality. They cause the water to 
become more clouded, allowing less light to pass through. Without the light, plants 
and phytoplankton can not produce oxygen [5].
Table 6: Linear Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept -10.90 11.72 -0.93 0.35
DO 1.75 0.91 1.94 0.05
pH -1.82 0.41 -4.44 1.21e-05
Temp -0.18 0.26 -0.70 0.48
logtds 6.02 2.47 2.43 0.02
logtss 1.41 0.56 2.54 0.01
DO*logtds -0.39 0.18 -2.10 0.04
pH* Temp 0.09 0.02 4.34 1.79e-05
Temp*logtds -0.10 0.05 -2.16 0.03








2.0 2.5 3.0 3.5 4.0 4.5 5.0
Fitted values
Dgec -  DO + pH + Temp + logtds + logtss + DO * logtds + pH * Temp
Figure 9: Residual vs Fitted plot
Normal Q-Q
Theoretical Quantiles
Dgec -  DO + pH + Temp + logtds + logtss + DO * logtds + pH * Temp
Figure 10: Q-Q Plot
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6.2 M ultiple Logistic Regression
We fit multiple logistic regression for the E. coli dataset with observations from 
only freshwater. This dataset contains the following predictor variables DO, pH, 
temperature, total dissolved solids(TDS) and total suspended solids(TSS). E. coli 
was fit as a binary response variable with 1 indicating the water is unsafe to swim(E. 
coli > 126cfu) and 0 if the water is safe to swim. The results are shown in Table 7. The 
significant predictors in this model are dissolved oxygen and total suspended solids. 
For every one unit increase in dissolved oxygen the odds of the water being unsafe to 
swim are multiplied by 0.80099. For every one unit increase in total suspended solids 
the odds of the water being unsafe to swim are multiplied by 1.0216. These results 
are expected. When there is more dissolved oxygen in the water there will be less 
nutrients and pollutants released from the sediment on the bottom. When there are 
more total suspended solids in the water dissolved oxygen decreases. The deviance 
for this model has a p-value of 0.73, indicating that this model is a good fit for the 
data.
Table 7: Logistic Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept -0.03 2.42 -0.014 0.99
DO -0.22 0.11 -2.11 0.035
pH 0.09 0.31 0.28 0.78
Temp 0.004 0.03 0.14 0.89
TDS -0.005 0.003 -1.94 0.05
TSS 0.02 0.008 2.82 0.005
6.3 Lasso Regression
We fit the lasso model with all predictors in the model. The response variable is the 
number of E. coli in the water. The lasso method chose to keep all of the variables in 
the model. The best lambda value chosen by the cross validation method is 25.88774.
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Figure 11 shows the cross validation results with the minimum mean squared error at 
the best lambda value. The results are summarized in Table 8. Our model suggests 
that for every one unit increase in dissolved oxygen the amount of E. coli in the 
water decreases by 11.63 colony forming units. For every one unit increase in pH the 
amount of E. coli in the water increases by 18.70 colony forming units. For every 
one unit increase in temperature the amount of E. coli in the water decreases by 
0.94 colony forming units. For every one unit increase in total suspended solids the 
amount of E. coli in the water increases by 1.15 colony forming units. For every one 
unit increase in total dissolved solids the amount of E. coli in the water decreases by 
0.21 colony forming units. The results for dissolved oxygen, total dissolved solids and 
total suspended solids agree with the expected relationship to the amount of bacteria. 
If there is not enough oxygen in the water the quality of water will decrease. Total 
suspended solids can cloud the water causing less oxygen to be produced by the 
plants. Without enough oxygen the water quality will decrease. Hence, the higher 
the amount of total suspended solids the greater the number of bacteria in the water. 
We expected to find that pH would have a negative relationship with the amount of 
bacteria, although we found pH to have a positive coefficient after the model was fit. 
Figure 6 shows the effects of lambda increases on the values of the coefficients. As 
lambda increases, the coefficients will continue to shrink towards zero.
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Figure 11: Cross Validation plot
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Figure 12: Coefficients plot
6.4 Discussion
Both the linear regression model and the logistic regression model were found to be 
significant. The linear regression model is useful for predicting the number of E. coli
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in the water. The logistic regression model is a good way to assess whether or not the 
water is safe to swim in. The lasso method is best for performing variable selection 
when there is a large number of predictors. Then one of the other two methods can 
be used to fit the selected predictors.
7 E. coli: Brackish and Salt Water River
The predictors available in the brackish and salt water river data set are dissolved 
oxygen, pH, temperature, total suspended solids, and salinity. This data contains 
measurements taken in brackish and salt water rivers. Salinity was used as a contin­
uous predictor when fitting the models. There are 114 observations in this dataset. 
E. coli has a highly skewed distribution, a log transformation was taken to correct 
the skewness. The summary statistics for each variable are shown below in Table 9. 
Figures 13 and 14 show the box plots created for each variable in the dataset
Table 9: Summary Statistics for E. coli Brackish and Salt Water River
N=114 E. coli DO pH Salinity Temperature TSS
Mean 32.84 7.61 7.49 4.28 20.76 38.07
SD 63.07 1.53 0.36 3.90 6.11 28.19
Range 0-400 4.2-11.7 5.92-8.55 0.5-16.9 6.00-30.86 1-137
Ecoli log(Ecoli)
Figure 13: Box plots for E. coli, log(E. coli), DO, and pH
Temperature Salinity
TSS
Figure 14: Box plots for temperature, salinity and TSS
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7.1 M ultiple Linear Regression
We first fit multiple linear regression with no interaction terms in the model. Then, 
we fit multiple linear regression with all two-way interaction terms in the model. No 
interaction terms were significant in this model. The log likelihood statistic was found 
for each model and used the compare the three. The log likelihood statistic indicated 
that the best model contained no interaction terms. The significant predictors include 
dissolved oxygen, salinity and total suspended solids. The results are shown in Table 
10. This model has an adjusted R-squared of 0.265. This means that only 26.5% of 
the variation in the amount of E. coli is explained by these predictors. The p-value 
for the model is 5.928e-07. This is a highly significant p-value. The residual versus 
fitted plot in Figure 15, and Q-Q plot in Figure 16, were produced to assess if the 
models assumptions were met. The random scattering of the residuals about zero in 
the residual versus fitted plot tells us the constant variance assumption is met. In 
the Q-Q plot the residuals follow a straight line pattern indicating that the normality 
assumption is met. This model tells us that as the amount of the salinity increases the 
amount of bacteria in the water decreases. This supports the EPA’s preference to use 
enterococcus for the best indicator in salt water. Enterococcus has a better ability 
to survive in salt water than E. coli [2]. When total suspended solids increases the 
amount of bacteria also increases. Total suspended solids can also cause less oxygen 








Table 10: Linear Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 6.94 2.94 2.36 0.02
DO -0.15 0.12 -18 0.24
pH -0.48 0.35 -1.36 0.17
Temp -0.005 0.03 -0.17 0.86
Salinity -0.10 0.03 -3.15 0.002
TSS 0.02 0.004 4.86 4.05e-06
Residuals vs Fitted




lm(logec ~ DO + pH + Salinity + Temp + TSS)
Figure 16: Q-Q Plot
7.2 M ultiple Logistic Regression
We fit multiple logistic regression for the salt water E. coli data set. E. coli was fit 
as a binary response variable with 1 indicating the water is unsafe to swim (E . coli 
> 126cfu) and 0 if the water is safe to swim. The predictors used to fit this model 
include dissolved oxygen, pH, temperature, salinity and total suspended solids. Total 
suspended solids is the only significant predictor in the model. The results are shown 
in Table 11. The model indicates that for every one unit increase in total suspended 
solids the odds of the water being unsafe to swim are multiplied by 1.04 when all other 
variables are held constant. This result is expected. When there are high amounts 
of solids suspended in the water it becomes cloudy. The cloudiness does not allow as 
much light to pass through. This does not allow for enough oxygen to be produced 
by plants in the water [5]. This model deviance goodness of fit test indicates that
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this model fits the data well. The p-value for the deviance is 0.98.
Table 11: Logistic Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 14.22 9.24 1.54 0.12
DO -0.84 0.45 -1.87 0.06
pH -1.17 1.02 -1.15 0.25
Temp -0.14 0.10 -1.45 0.15
Salinity -0.39 0.25 -1.56 0.12
TSS 0.042 0.014 3.003 0.003
7.3 Lasso Regression
We fit the lasso regression with all predictors in the model. The response variable 
is the number of E. coli in the water. For this model all variables were chosen 
in the model. The results are shown in Table 12. The best lambda value chosen 
cross validation is 34.76. Figure 17 shows the cross validation plot produced by this 
model. The minimum mean squared error is shown at the best lambda value. Our 
model suggests that every one unit increase in dissolved oxygen reduces the amount 
of bacteria present in the water by 3.23 units. When there is more dissolved oxygen 
the water is cleaner [5]. Every unit increase in pH decreases the amount of bacteria 
in the water by 11.44 units. For every one unit increase of temperature the amount 
of bacteria is reduced by 0.41 units. For every one unit increase in total suspended 
solids the amount of bacteria in the water increases by 0.51 units. For every one unit 
increase in salinity the amount of bacteria in the water decreases by 1.95 units. The 
EPA recommends that enterococcus is used for salt water monitoring because it has 
a better ability to survive in salt water [2]. For salt water river habitats, this model 
shows dissolved oxygen, pH, temperature, and salinity have a negative relationship 
with E. coli while total suspended solids has a positive relationship with E. coli. Total 
suspended solids cause the water to become more turbid [5]. This tells us that when
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there axe more total dissolved solids the water quality decreases. Figure 18 shows 
how the coefficient of each predictors changes as lambda increases.
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Figure 17: Cross Validation plot
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Figure 18: Coefficients plot
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7.4 Discussion
We have fit this data with linear regression, logistic regression and lasso regression. 
The linear regression model and the logistic regression model are both a good fit for 
this dataset. The linear regression model is best for predicting the number of bacteria 
in the water. The logistic regression model is best for predicting if the water is safe 
to swim in. In this case the lasso is more ideal for variable selection when there is a 
large number of predictors.
8 Enterococcus: River
The predictors available for the river data include dissolved oxygen, pH, an indicator 
of salinity, temperature, total dissolved solids, and total suspended solids. This data 
contains both fresh water and salt water. The indicator variable for salinity is equal 
to one for salt water and zero for fresh water. There are 425 total observations in this 
dataset. The distributions of enterococcus, TDS and TSS were highly skewed. A log 
transformation was taken to correct the skewness of the distributions. The summary 
statistics for this data set are shown in Table 13. Box plots were generated for each 
variable and the transformed variable where necessary. These box plots are shown in 
Figures 19 and 20.
Table 13: Summary Statistics for Enterococcus River with Salinity Indicator
N=425 Enterococcus DO pH Temperature Salinity TDS TSS
Mean 59.87 7.85 7.31 20.19 0.24 273.64 18.89
SD 106.1 1.95 0.47 6.28 0.64 653.02 21.29











Figure 19: Box plots for Enterococcus, log (Enterococcus), DO, pH, and Temperature
TDS log(TDS)
TSS log(TSS)
Figure 20: Box plots for TDS, log(TDS), TSS, and log (TSS)
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8.1 M ultiple Linear Regression
We fit multiple logistic regression for this model using all available predictors with­
out interaction terms. Then, we fit the model with all two-way interaction terms. 
Insignificant two-way interaction terms were removed to create a third model. The 
log likelihood statistic for nested models was used to compare these models. It was 
determined that the model with only the significant two-way interaction terms is the 
best model. This model has a insignificant p-value of 0.079 and a low adjusted R- 
squared(0.1288). This is not a good model for this dataset. The results are shown in 
Table 14. Residual plots are produced in Figures 21 and 22.
Table 14: Linear Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept -7.94 5.37 -1.48 0.14
DO 1.33 0.61 2.17 0.03
pH 1.71 0.61 2.38 0.02
sal.ind 0.02 0.26 0.10 0.92
Temp -0.04 0.02 -2.02 0.04
logtds 0.02 0.04 0.42 0.67
logtss 0.005 0.02 0.21 0.83
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Fitted values
lm(logen ~ DO + pH + sal.ind + Temp + logtds + logtss + DO * pH)
Figure 21: Residual vs Fitted plot
Normal Q-Q
Theoretical Quantiles
lm(logen -  DO + pH + sal.ind + Temp + logtds + logtss + DO * pH)
Figure 22: Q-Q Plot
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8.2 M ultiple Logistic Regression
We fit multiple logistic regression for the enterococcus dataset with an indicator 
of salinity. It contains DO, pH, indicator of salinity, temperature, log(TDS), and 
log(TSS). Enterococcus was fit as a binary response variable, 1 indicates the water 
is unsafe to swim(> 33 cfu) and 0 indicates the water is safe to swim. The results 
are given in Table 15. For every one unit increase in pH the odds of unsafe water 
are multiplied by 1.4954. For every one unit increase in total suspended solids the 
odds of unsafe water is multiplied by 1.0109. The results for pH is not expected. The 
expected relationship between pH and enterococcus is negative. Total suspended 
solids is expected to have a positive relationship. Our results agree with this. The 
deviance for this model has a significant p-value of 2.188364e-12. The model does not 
fit the data well.











DO 0.10 0.06 1.66 0.09
pH 0.40 0.14 2.89 0.0038
sal.ind 13.8 324.7 0.043 0.97
Temp 0.008 0.02 0.42 0.67
TDS -0.0003 0.0002 -1.85 0.064
TSS 0.01 0.004 2.93 0.003
8.3 Lasso Regression
The lasso method was fit using all of the available predictors. The lasso method chose 
to keep all of the predictors in the model. The results are shown in Table 16. The best 
lambda value chosen cross validation is 8.705221. Figure 23 the best lambda value 
producing the minimum mean squared error. Figure 24 shows how the coefficients of 
each predictor react to lambda growing larger. Every one unit increase is dissolved
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oxygen decreases the amount of bacteria in the water 15.28 units. For every one unit 
increase in pH the amount of bacteria in the water increases by 12.89 units. For 
every one unit increase in temperature the amount of bacteria in the water decreases 
by 3.78 units. For every one unit increase in total suspended solids the amount of 
baeteria in the water is increased by 0.36 units. For every one unit increase in total 
dissolved solids the amount of bacteria in the water is increased by 0.0000507 units. 
When there are more total solids in the water turbidity increases. When the water is 
more turbid less light can pass through it. The plants produce less oxygen and more 
oxygen is consumed during decomposition. When oxygen levels falls the water quality 
decreases [5]. Dissolved oxygen and temperature have a negative relationship with the 
amount of bacteria in the water. pH, total dissolved solids, and total suspended solids 
have a positive relationship with the amount of bacteria in the water. The coefficient 
for the salinity indicator shows that for salt water river habitats there will be 18.67 
unit increase in the amount of bacteria in the water. This shows that enterococcus 
have the ability to survive in salt water. This is why the EPA recommends as the 
best indicator for salt water habitats [2].























Figure 23: Cross Validation plot
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Figure 24: Coefficients plot
8.4 Discussion
For this dataset we have used linear regression, logistic regression and lasso regres­
sion. The linear model has a p-value of 0.079. The residual deviance for the logistic
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regression model indicates the model does not fit the data well. We prefer the lasso 
model for this dataset because both the linear regression and the logistic regression 
models do not fit the data well.
9 Enterococcus: Freshwater River
The predictors available for this dataset were dissolved oxygen, pH, Temperature and 
total suspended solids. This dataset only contains freshwater and salinity is not used 
in the model. There were 1761 observations in this dataset. A log transformation 
was taken to correct the skewed distribution of enterococcus. Total suspended solids 
had a highly skewed distributions and the log transformation was used to correct the 
distribution. Summary statistics are given in Table 17. We created box plots for each 
variable and its transformation when necessary. These plots are shown in Figures 25 
and 26. After reviewing the residuals output from the linear regression model there 
were numerous outliers identified. Summary statistics are shown below in Table 18 
for the data with the outliers removed. There was very little effect on the mean, 
standard deviation and range of each variable.
Table 17: Summary Statistics for Fresh Water River with all data
N=1761 Enterococcus DO pH Temperature TSS
Mean 439.94 8.72 7.50 18.01 12.94
SD 1365.4 2.57 0.51 6.99 15.96




Figure 25: Boxplots with all data
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Figure 26: Boxplots with all data
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Table 18: Summary Statistics for Fresh Water River with outliers removed
N=1748 Enterococcus DO pH Temperature TSS
Mean 442.43 8.71 7.50 18.06 12.99
SD 1369.31 2.56 0.48 6.96 16.00
Range 1-13800 1.30-14.92 5.36-9.55 0.00-32.39 0.00-172
9.1 M ultiple Linear Regression
We fit multiple linear regression with all available predictors in the model with 
no interaction terms. We then fit another model containing all two-way interaction 
terms. Some of the interaction terms were insignificant and were removed and the 
model was refit. These models were compared using the log likelihood statistic for 
nested models and it was determined that the model with all insignificant interaction 
terms removed was the best model. This model has significant predictors dissolved 
oxygen, temperature, and the interaction term between dissolved oxygen and tem­
perature. The results are given in Table 19. Our fitted model suggests that dissolved 
oxygen and temperature have a negative relationship with the number of entero­
coccus in the water. The interaction between the two is increasing the number of 
enterococcus in the water. Figure 27 shows the residual versus fitted values randomly 
scattered around zero with a few outliers with values below negative ten. The Q-Q 
plot in Figure 28 shows most of the residuals following a straight line pattern with 
outliers on the bottom left of the plot.
The model was refit after removing the outliers. Again we fit the models contain­
ing no interaction terms, all two-way interactions terms, and only significant two-way 
interactions terms. We then used the log likelihood statistic for nested models to 
choose the best model for this dataset. It was determined that the model with all 
insignificant two-way interactions removed was the best model. The p-value for the 
model with the outliers removed is 2.38e-07 with an adjust R-squared value of 0.02.
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The significant predictors are pH, temperature, the interaction term between tem­
perature and dissolved oxygen and the interaction between dissolved oxygen and pH. 
The results are shown in Table 20. Temperature have a negative relationship with the 
number of enterococcus in the water. The interaction between the two is increasing 
the number of enterococcus in the water. Figure 29 shows the residual versus fitted 
plot shows that the residuals are scattered around zero with some clustering in the 
middle. The Q-Q plot in Figure 30 shows both ends curving. This indicates that the 
linear fit might be missing a relationship.
Table 19: Linear Regression Output with all data
Coefficients Estimate Std. Error t value p value
Intercept 3.93 0.88 4.42 1.04e-05
DO -0.09 0.03 -2.49 0.01
pH 0.13 0.11 1.23 0.22
Temp -0.08 0.02 -3.93 8.54e-05
logtss -0.008 0.02 -0.43 0.66
DO*Temp 0.01 0.002 4.36 1.36e-05
Residuals vs Fitted
3.5 4.0 4.5 5.0
Fitted values
lm(logen - DO + pH + Temp + logtss + DO * Temp) 













lm(logen ~ DO + pH + Temp + logtss + DO * Temp) 
Figure 28: Q-Q Plot with all data
Table 20: Linear Regression Output with outliers removed
Coefficients Estimate Std. Error t value p value
Intercept 0.62 2.21 0.28 0.78
DO -0.46 0.23 1.92 0.06
pH 0.67 0.29 1.97 0.05
Temp -0.08 0.02 -4.59 4.81e-06
logtss -0.02 0.02 -1.02 0.31
DO*Temp 0.01 0.002 4.48 8.06e-06
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Fitted values
lm(logen ~ DO + pH + Temp + logtss + DO * pH + DO * Tem
Figure 29: Residual vs Fitted plot with outliers removed
Normal Q-Q
Theoretical Quantiles
lm(logen ~ DO + pH + Temp + logtss + DO * pH + DO * Tem
Figure 30: Q-Q Plot with outliers removed
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9.2 M ultiple Logistic Regression
We fit multiple logistic regression using the predictors dissolved oxygen, pH, temper­
ature and total suspended solids. We used enterococcus as a binary response variable, 
1 indicating the water is unsafe to swim(> 33 cfu) and 0 indicating the water is safe 
to swim. The only significant predictor in this model is dissolved oxygen. The results 
are shown in Table 21. Our fitted model suggests that for every one-unit increase in 
dissolved oxygen the odds of the water being unsafe to swim are multiplied by 1.05. 
The deviance for this model has a p-value of 3.55e-19 indicating that this model does 
not fit the data well.
Table 21: Logistic Regression Output
Coefficients Estimate Std. Error t value p value
Intercept -1.45 0.75 -1.95 0.05
DO 0.05 0.02 2.4 0.02
pH 0.18 0.10 1.87 0.06
Temp -0.0001 0.0008 -0.02 0.98
TSS 0.005 0.003 1.63 0.10
9.3 Lasso Regression
The lasso method was used with all available predictors in the model. The response 
variable is the number of enterococcus. The lasso method chose all of the variables to 
be kept in the model. The best lambda value chosen by cross validation was 88.19758. 
Figure 31 shows the mean squared error across numerous lambda values. Dissolved 
oxygen has a positive relationship with the number of enterococcus in the water. As 
dissolved oxygen increases the amount the enterococcus increases. pH has a negative 
relationship with the number of enterococcus, reducing the number in the water as 
ph rises. Temperature has a negative relationship with the number of enterococcus in 
the water as well. Total suspended solids has a positive relationship with the number
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of enterococcus in the water. As the amount of total suspended solids increases, 
the number of enterococcus increases. Figure 32 shows how the coefficients of each 
predictor variable shrink as lambda grows larger.
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Figure 31: Cross Validation plot
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Figure 32: Coefficients plot
9.4 Discussion
We have used linear regression, logistic regression and lasso regression to fit this 
data. The linear regression model has a significant p-value indicating that it is a 
good model. The deviance indicated that the logistic regression model does not fit 
the data well. We prefer the linear regression model to fit this data because it has a 
highly significant p-value and the logistic regression model does not fit the data well.
10 Enterococcus: Brackish and Salt Water River
The available predictors include dissolved oxygen, pH, salinity, temperature and total 
suspended solids. The dataset contains only observations where salinity is greater 
than or equal to 0.5 indicating salt water. There are 1764 observations in this dataset. 
The distribution of enterococcus and TSS is highly skewed and a log transformation 
was taken to correct the distribution. Summary statistics for this dataset are shown
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in Table 23. Figures 33 and 34 show the box plots that were produced for each 
variable and its transformation where necessary. Outliers were removed from this 
dataset. After the outliers were removed there 1732 observations remaining in the 
dataset. The removal of the outliers had a very small effect of the mean, standard 
deviation and the range of each variable. Summary statistics for the data without 
the outliers in Table 24.
Table 23: Summary Statistics for Fresh Water River before Outliers are Removed
N=1764 Enterococcus DO pH Salinity Temperature TSS
Mean 105.10 7.21 7.42 12.51 17.99 38.82
SD 291.16 2.64 0.29 7.29 7.34 45.53














Table 24: Summary Statistics for Brackish and Salt Water River after Outliers are 
Removed _________________
N=1732 Enterococcus DO pH Salinity Temperature TSS
Mean 106.88 7.17 7.42 12.43 18.13 38.62
SD 293.52 2.63 0.29 7.30 7.26 45.69
Range 1-5300 1.8-14.98 5.12-8.69 0.5-30.93 0.13-30.86 0-1049
10.1 M ultiple Linear Regression
We fit multiple linear regression with all available predictors without interaction 
terms. We then fit another model with all available predictors and all two way inter­
action terms. Insignificant interaction terms were removed and the model was refit. 
We used the log likelihood statistic for nested models to determine that the model 
with insignificant interaction terms removed was the best model. The significant pre­
dictors in this model are pH, salinity, temperature, log(TSS), the interaction between
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dissolved oxygen and temperature, the interaction between pH and salinity, the in­
teraction between pH and log(TSS), the interaction between salinity and log(TSS) 
and the interaction between temperature and log(TSS). The p-value for this model 
is <2.2e-16 and the adjusted R-squared is 0.1421. The results are shown in Table 
25. The assumptions are not met for this model. The residual versus fitted plots 
and Q-Q plot shows a pattern in the data. pH has a negative relationship with the 
number of bacteria in the water. As the amount of pH in the water increases the 
number of enterococcus in the water decreases. Salinity has a positive relationship 
with the number of bacteria in the water. As the the level of salinity increases so does 
the number of enterococcus in the water. Temperature has a negative relationship 
with the number of enterococcus in the water. Total suspended solids has a negative 
relationship with enterococcus. The residual versus fitted plot in Figure 35 shows 
clear outliers towards the bottom of the plot. The Normal Q-Q plot in Figure 36 
shows that the residuals do not follow a straight line pattern. The normality and the 
constant variance assumptions are not met.
The outliers were removed from the dataset and the model was refit. The same 
model selection method was used to determine the best model. We determined that 
the model with insignificant terms removed was the best model. The significant pre­
dictors are dissolved oxygen, salinity, temperature, log(TSS), the interaction between 
dissolved oxygen and temperature, the interaction between pH and salinity, and the 
interaction between salinity and log(TSS). The p-value for this model is 8.846e-07 
which is highly significant. The adjusted R-squared value 0.02 and is extremely low. 
The results are shown in Table 26. This could indicate that a key relationship is 
missing in the model. pH has a positive relationship with the number of enterococcus 
in the water. As pH increases so does the number of enterococcus in the water. This 
result is opposite of the previous model’s findings. Dissolved oxygen and salinity
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have a positive relationship with the number of enterococcus in the water. Dissolved 
oxygen is expected to have a negative relationship with enterococcus. Temperature 
has a positive relationship with the number of enterococcus in the water. This differs 
from the previous model. Total suspended has a negative relationship with enterococ­
cus which is not expected and consistent with the pervious model. Total suspended 
solids causes the water to become very cloudy. The cloudiness blocks the light from 
the plants and they can not produce enough oxygen. There will also be more oxy­
gen consumed during decomposition [5]. When there is less oxygen in the water and 
more total suspended solids the water quality decreases. The positive coefficient for 
salinity is expected. The EPA recommends enterococcus because it has a better abil­
ity to survive in salt water [2]. The residual versus fitted plot in Figure 37 shows a 
large clustering of the residuals. This does not satisfy the constant variance assump­
tion. The Q-Q plot in Figure 38 shows the residuals following a straight line pattern, 
satisfying the normality assumption.
Table 25: Linear Regression Output before outliers are removed
Coefficient Estimate Std. Error t-value p-value
Intercept 17.19 4.23 4.07 4.84e-05
DO -0.03 0.05 -0.53 0.60
pH -1.16 0.52 -2.25 0.02
salinity 0.95 0.22 4.25 2.27e-05
Temp -0.11 0.04 -2.67 0.008
log(TSS) -4.96 1.34 -3.70 0.0002
DO* Temp -0.006 0.003 -1.95 0.05
pH* Salinity -0.16 0.03 -5.18 2.52e-07
pH*log(TSS) 0.51 0.16 3.15 0.002
Salinity*log(TSS) 0.03 0.009 3.57 0.0003














>gen ~ DO + pH + Salinity + Temp + logtss + DO * pH + DO * Salii
Figure 35: Residual vs Fitted plot before Outliers are Removed
Normal Q-Q
Theoretical Quantiles
>gen ~ DO + pH + Salinity + Temp + logtss + DO * pH + DO * Salii
Figure 36: Q-Q Plot before Outliers are Removed
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Table 26: Linear Regression Output after Outliers are Removed
Coefficient Estimate Std. Error t-value p-value
Intercept 15.26 1.45 3.63 0.0003
DO 0.07 0.03 2.38 0.03
pH 0.04 0.19 0.22 0.82
salinity 0.50 0.12 2.92 0.0001
Temp 0.04 0.02 2.92 0.003
log(TSS) -0.29 0.04 -5.80 7.80e-09
DO* Temp -0.01 0.002 -7.39 2.21e-13
pH* Salinity -0.09 0.02 -5.28 1.44e-07
Salinity*log(TSS) 0.03 0.004 5.59 2.60e-08
Residuals vs Fitted
C2153
0 2 4 6 8
Fitted values
>gen -  DO + pH + Salinity + Temp + logtss + DO * Temp + pH * S;




>gen -  DO + pH + Salinity + Temp + logtss + DO * Temp + pH * Si
Figure 38: Q-Q Plot after Outliers are Removed
10.2 M ultiple Logistic Regression
We fit multiple logistic regression for the enterococcus dataset with brackish and salt 
water. The variables in the model include dissolved oxygen, pH, salinity, temperature 
and total suspended solids. Enterococcus was used as a binary response variable, 1 
indicating the water is unsafe to swim(> 33 cfu) and 0 indicating the water is safe to 
swim. The significant predictors in this model include dissolved oxygen, pH, salinity 
and temperature. The results are shown in Table 27. For every one unit increase in 
dissolved oxygen the odds of the water being unsafe to swim are multiplied by 0.87 
when all other variables are held constant. For every one unit increase in pH the odds 
of the water being unsafe to swim are multiplied by 0.31 when all other variables are 
held constant. For every one unit increase in salinity the odds of the water being 
unsafe to swim are multiplied by 0.90 when all other variables are held constant.
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For every one unit increase in temperature the odds of the water being unsafe to 
swim are multiplied by 0.94 when all other variables are held constant. The result 
for temperature was expected to have a positive relationship with enterococcus. This 
could be due to the effects of variables interacting. The deviance for this model has 
a highly significant p-value of 2.486287e-10. This indicates that the model does not 
adequately fit the data.
Table 27: Logistic Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 11.47 1.55 7.41 1.23e-13
DO -0.14 0.03 -4.11 3.97e-05
pH -1.17 0.21 -5.55 2.89e-08
salinity -0.10 0.008 -12.82 < 2e -  16
Temp -0.05 0.011 -4.58 4.57e- 06
TSS 0.0002 0.001 0.16 0.87
10.3 Lasso Regression
The lasso method was used with all available predictors. The response variable is 
the number of enterococcus in the water. For this model all variables were chosen 
in the model. The results are shown in Table 28. The best lambda value chosen 
cross validation is 17.17. Every one unit increase is dissolved oxygen decreases the 
amount of bacteria in the water 11.14 units. For every one unit increase in pH the 
amount of bacteria in the water increases by 4.819 units. For every one unit increase in 
temperature the amount of bacteria in the water decreases by 2.35 units. For every one 
unit increase in total suspended solids the amount of bacteria in the water is increased 
by 0.04 units. For every one unit increase in salinity the amount of bacteria in the 
water is decreased by 9.23 units. Dissolved oxygen, salinity and temperature have 
a negative relationship with the amount of bacteria in the water. Total suspended 
solids and pH have a positive relationship with the amount of bacteria in the water.
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The results for pH and temperature are not expected. The extreme range of pH in 
this dataset could cause the parameter to behave differently than expected.
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Figure 40: Coefficients plot
10.4 Discussion
We have used linear regression, logistic regression and lasso regression to fit this 
data. The linear regression model has a significant p-value indicating that it is a 
good model. The deviance indicated that the logistic regression model does not fit 
the data well. We prefer the linear regression model to fit this data because it has a 
highly significant p-value and the logistic regression model does not fit the data well.
11 Enterococcus: Coastal
The predictors available in coastal dataset are dissolved oxygen, salinity, temperature 
and total suspended solids. There are 172 observations in this dataset. Enterococcus 
and total suspended solids were highly skewed and a log transformation was used to 
correct the distribution. Summary statistics for each variable are shown in Table 29. 






Table 29: Summary Statistics for Enterococcus Coastal
N=172 Enterococcus DO Salinity Temperature TSS
Mean 37.50 7.71 26.16 10.04 31.13
SD 97.58 2.84 9.21 6.88 26.84
Range 0-780 0.7-13.10 0.62-34.54 0.1-28.5 5.0-199.50
CN















m  — 











Figure 41: Box plots for Enterococcus, log (Enterococcus), DO, salinity, temperature, 
TSS and log(TSS)
11.1 M ultiple Linear Regression
We fit multiple linear regression with all available predictors without interactions. 
We then refit the model with all two-way interaction terms. Insignificant interaction 
terms were removed and the model was refit. The log likelihood statistic for nested 
models was used to compare these models. We determined that the model with 
insignificant interaction terms removed was the best model. All of the predictors are 
significant in this model. The interaction between temperature and total suspended
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solids is also significant. The p-value for this model is < 2.2e -  16. The adjusted 
R-squared value is 0.57. The results are shown in Table 30. Our fitted model suggests 
that dissolved oxygen has a negative relationsliip with the number of bacteria in the 
water. As dissolved oxygen increases the number of enterococcus decreases. Salinity 
has a negative relationship with the number of bacteria in the water. The higher 
the salt content of the water the lower the number of enterococcus in the water. 
Temperature has a positive relationship with the number of enterococcus in the water. 
As temperature rises there will be a higher number of enterococcus in the water. Total 
suspended solids has a positive relationship with the number of enterococcus in the 
water. As the amount of total suspended solids increases the number of enterococcus 
in the water increases. These results are expected. When the water has a lower 
temperature there will be higher levels of dissolved oxygen. When temperature is 
higher the water will have less oxygen and the quality of the water will decrease. When 
total suspended solids increases the water becomes cloudy. The cloudiness blocks the 
light needed for plans to produce oxygen. There will be more oxygen consumed during 
decomposition. Tins causes the water quality to decrease [5]. Figure 42 shows the 
residual versus fitted plot have to sets of residuals forming a linear pattern. The lower 
line appears to be outliers in this plot. After checking the standardized residuals plot 
in Figure 43, these are not outliers. All of the standardized residuals fall within plus 
or minus two. There is still a very clear pattern in the spread of the residuals in Figure 
44. The constant variance assumption is not met. The Q-Q plot shows the residuals 
forming an S curve instead of a straight line patters. The normality assumption is 
not met.
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Table 30: Linear Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept -3.94 5.45 -0.72 0.47
DO -1.03 0.29 -3.59 0.0004
Salinity -0.41 0.06 -7.50 3.69e-12
Temp 1.53 0.49 3.11 0.002
log(TSS) 4.63 1.53 3.03 0.003
Temp*log(TSS) -0.43 0.16 -2.80 0.006
Residuals vs Fitted
Fitted values
lm(logen ~ DO + Salinity + Temp + logtss + Temp * logtss)




lm(logen ~ DO + Salinity + Temp + logtss + Temp * logtss)
Figure 43: Q-Q Plot
Scale-Location
Fitted values
lm(logen ~ DO + Salinity + Temp + logtss + Temp * logtss)
Figure 44: Standardized Residuals
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11.2 M ultiple Logistic Regression
We fit multiple logistic regression for the coastal enterococcus dataset. The predictor 
variables used in the model are dissolved oxygen, salinity, temperature, and total 
suspended solids. Enterococcus was fit as a binary response variable, 1 indicating 
that the water is unsafe to swim (>33 cfu) and 0 indicating that the water is safe to 
swim. The results are given in Table 31. The significant predictors in this model are 
dissolved oxygen, salinity, and total suspended solids. For every one unit increase in 
dissolved oxygen the odds of the water being unsafe to swim is multiplied by 0.578539 
when all other variables are held constant. For every one unit increase in salinity the 
odds of the water being imsafe to swim is multiplied by 0.77 when all other variables 
are held constant. For every one unit increase in total suspended solids the odds 
of the water being unsafe to swim is multiplied by 1.03 when all other variables are 
held constant. These results are expected. When there is more dissolved oxygen 
the water has a lower temperature. When temperature is higher the water will have 
less oxygen and have poor water quality. When total suspended solids increases the 
water becomes cloudy. The cloudiness blocks the light needed for plans to produce 
oxygen. This causes the water quality to decrease [5]. The deviance for this model 
has a p-value of 1. Therefore the model fits the data well.
Table 31: Logistic Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 4.72 2.25 2.09 0.036
DO -0.55 0.27 -2.04 0.041
Salinity -0.26 0.055 -4.68 2.93e-06
Temp 0.12 0.09 1.27 0.20
TSS 0.03 0.01 2.56 0.01
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11.3 Lasso Regression
The lasso method was used with all available predictors in the model. The response is 
the number of enterococcus in the water. For this model all variables were chosen in 
the model. The best lambda value chosen cross validation is 7.892816. The results are 
shown in Table 32. Our fitted model suggest, for every one unit increase in dissolved 
oxygen the amount on bacteria in the water decreases by -8.594 units. For every one 
unit increase in temperature the amount of bacteria in the water increases by 1.466 
units. As temperature increases there is less oxygen dissolved in the water. When 
there is more oxygen in the water the water is cleaner and there are less pollutants 
being released. When temperature increases the water will have more bacteria [5]. For 
every one unit increase in total suspended solids the amount of bacteria in the water 
decreases by 0.0231 units. We would have expected total suspended solids to have 
a positive coefficient. Toxins cling to solids in the water, making the water quality 
decrease. Total suspended solids increase the turbidity of the water. As the water 
becomes more turbid there will less oxygen produced by plants and more oxygen 
consumed via decomposition [5]. For every one unit increase in salinity the amount 
of bacteria in the water decreases by 3.882 units. In Figure 45 the cross validation 
results show the lambda value being selected to minimize the mean squared error. 
Figure 46 show as lambda increases the coefficients for the predictors decreasing but 
that all of them would still be selected by the model.
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Figure 45: Cross Validation plot
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Figure 46: Coefficients plot
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11.4 Discussion
For this dataset we used linear regression, logistic regression and lasso regression. The 
linear regression model and the logistic regression model are both adequate models for 
the data. The linear regression model is preferred when trying to predict the number 
of bacteria in the water. The logistic regression model is favored for predicting if the 
water is safe to swim. In this case the lasso method is best used as a variable selection 
technique when there is a large number of variables.
12 Enterococcus: Inland Coastal
The predictors available for the inland coastal dataset are dissolved oxygen, pH, 
salinity, and total suspended solids. There are 1117 observations in this dataset. 
Summary statistics for each variable are shown in Table 33. The distribution of 
enterococcus was highly skewed and a log transformation was taken to correct the 
skewness. Figure 47 shows the box plot for each variable.
Table 33: Summary Statistics for Inland Coastal
II h-1 1—1 --4 Enterococcus DO pH Salinity Temperature TSS
Mean 46.25 7.41 7.51 20.95 17.12 107.53
SD 168.67 2.36 0.26 4.56 6.88 54.71
Range 0-3000 1.5-14.82 4.7-8.63 1.73-21.89 0.6-28.1 5-240
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Figure 47: Box plots of Enterococcus, log (Enterococcus), DO, Salinity, Temperature, 
and TSS
12.1 M ultiple Linear Regression
Multiple linear regression was fit with all available predictors in the model with no 
interaction terms. Another model was then fit with all predictors and all two-way 
interaction terms. Then all insignificant interaction terms were removed and the 
model was refit. The log likelihood statistic was used to compare the models. We 
determined that the model with insignificant interaction terms removed was the best 
model. The significant predictors are dissolved oxygen, pH, salinity, temperature, 
interaction between dissolved oxygen and salinity and the interaction between salinity 
and temperature. The results are shown in Table 34. This model has a very low 
adjusted R-squared value of 0.1378 and a highly significant p-value of < 2.2e — 16. 
Dissolved oxygen has a negative relationship with the number of enterococcus in the 
water; mproving the quality of the water as dissolved oxygen increases. pH has a
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negative relationship with the number of enterococcus in the water. Temperature 
has a negative relationship with the number of enterococcus in the water. When 
temperature increases there will be less oxygen in the water allowing plankton to 
grow and pollutant to be released [5]. Salinity has a negative relationship with the 
number of enterococcus, more salty water will reduce the number of enterococcus in 
the water. Figure 48 shows the residual versus fitted plot have two sets of residuals 
forming a linear pattern. The lower line appears to be outliers in this plot. After 
checking the standardized residuals plot in figure 50, these are not outliers. All of 
the standardized residuals fall within plus or minus two. There is still a very clear 
pattern in the spread of the residuals in Figure 48. The constant variance assumption 
is not met. The Q-Q plot in figure 49 shows the residuals forming an S curve instead 
of a straight line patters. The normality assumption is not met.
Table 34: Linear Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 75.64 10.84 6.97 5.24e-12
DO -2.43 0.67 -3.59 0.0003
pH -4.54 0.83 -5.49 5.06e-08
Temp -1.017 0.26 -3.90 0.0001
Salinity -1.65 0.43 -3.87 0.0001
TSS 0.003 0.004 0.86 0.39
DO* Salinity 0.09 0.032 2.90 0.004























logen ~ DO + pH + Salinity + Temp + TSS + DO * Salinity + Salinity * T
Figure 48: Residual vs Fitted plot
Normal Q-Q
Theoretical Quantiles
m(logen ~ DO + pH + Salinity + Temp + TSS + DO * Salinity + Salinity * T
Figure 49: Q-Q Plot
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Fitted values
ogen -  DO + pH + Salinity + Temp + TSS + DO * Salinity + Salinity
Figure 50: Standardized Residuals
12.2 M ultiple Logistic Regression
We fit multiple logistic regression for the enterococcus dataset for inland coastal 
locations. The predictors used to fit the model are dissolved oxygen, pH, temperature, 
salinity and total suspended solids. We used enterococcus as a binary response to 
model the safety of the water to swim. When enterococcus is >33 the value 1 is 
assigned indicating that water is unsafe to swim, and 0 when the water is safe to 
swim. The significant predictors in this model include dissolved oxygen, pH, salinity, 
and temperature. The results are shown in Table 35. For every one unit increase 
in dissolved oxygen the odds of the water being unsafe to swim is multiplied by 
0.887305 when all other variables are held constant. For every one unit increase 
in pH the odds of the water being unsafe to swim is multiplied by 0.295552 when 
all other variables are held constant. These results are expected. Dissolved oxygen
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improves the quality of the water. When there is not enough dissolved oxygen, it is 
an indication of high nutrients and pollutants. When pH is low the water is acidic. 
For every one unit increase in salinity the odds of the water being unsafe to swim is 
multiplied by 0.869182 when all other variables are held constant. For every one unit 
increase in temperature the odds of the water being unsafe to swim is multiplied by 
0.942284 when all other variables are held constant. The result for temperature is 
not expected because higher temperature will have less dissolved oxygen in the water 
[5]. The deviance for this model has a p-value of 0.99, the model is a good fit.
Table 35: Logistic Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 12.34 2.61 4.73 2.26e-06
DO -0.12 0.05 -2.40 0.02
pH -1.22 0.35 -3.51 0.0004
Temp -0.06 0.02 -3.53 0.0004
Salinity -0.14 0.018 -7.66 1.80e-14
TSS 0.0003 0.002 0.17 0.87
12.3 Lasso Regression
The lasso method was used to fit a model with all available predictors. The response 
variable is the number of enterococcus in the water. The lasso method chose all of the 
variables for the model. The results are shown in Table 36. Dissolved oxygen, pH, 
temperature and salinity all have a negative relationship with the amount of bacteria 
in the water while total suspended solids has a positive relationship with the amount 
of bacteria. The cross validation method chose the best value for lambda to be 
17.21535. The result for temperature is not expected. Dissolved oxygen improves the 
quality of the water. As temperature increases there will be less dissolved oxygen in 
the water. When there is not enough dissolved oxygen in the water it is an indication 
of high nutrients and pollutants. In Figure 51 the cross validation results show the
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lambda value being selected to minimize the mean squared error. Figure 52 show as 
lambda increases the coefficients for the predictors decreasing but that all of them 
would still be selected by the model.
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Figure 51: Cross Validation plot
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Figure 52: Coefficients plot
12.4 Discussion
We used linear regression, logistic regression and lasso regression to fit the inland 
coastal dataset. The linear regression model and the logistic regression model are 
both adequate models for the data. The linear regression model is preferred when 
trying to predict the number of bacteria in the water. The logistic regression model 
is favored for predicting if the water is safe to swim. In this case the lasso method is 
best used as a variable selection technique when there is a large number of variables.
13 Enterococcus: Ponded
The predictors available for the ponded data set include dissolved oxygen, pH, tem­
perature and total suspended solids. There were only 64 observations available for 
this dataset. The summary statistics are shown in Table 37. The distribution of 
enterococcus was highly skewed and a log transformation was taken to correct the
75
skewness. Figure 53 shows the box plots produced for each variable in the dataset.
Table 37: Summary Statistics for Ponded DataCOII Enterococcus DO pH Temperature TSS
Mean 119.41 7.80 7.71 16.76 8.06
SD 432.62 3.23 0.36 7.47 3.56
Range 0-3200 1.90-14.62 6.70-8.49 1.39-27.48 1-19
Enterococcus log(Enterococcus) DO
Temperature TSS pH
Figure 53: Box plots for Enterococcus, log (Enterococcus), DO, Temperature, TSS and
pH
13.1 M ultiple Linear Regression
We fit multiple linear regression with all available predictors in the model. We then fit 
a model with all available predictors and all two-way interaction terms in the model. 
None of the interaction terms were significant in this model. The log likelihood 
statistic for nested models was used to determine that the model with no interaction 
terms was the better model. All predictors are significant in the model. The p-value
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(0.0004) for the model is highly significant. However, the adjusted R-squared (0.2802) 
is low. The results are shown in Table 38. Dissolved oxygen has a negative relationship 
with the number of enterococcus in the water. As the amount of dissolved oxygen 
increases the number of enterococcus decreases. pH also has a negative relationship 
with the number of enterococcus. Temperature has a positive relationship with the 
number of bacteria in the water. As the water becomes warmer there with be less 
dissolved oxygen in the water. Higher amounts of dissolved oxygen indicate the water 
will be cleaner [7]. Total suspended solids also has a positive relationship with the 
number of bacteria in the water. As total suspended solids increase so does the 
number of enterococcus in the water. Figure 54 shows the residual versus fitted 
plot with the residuals randomly scattered around zero. This satisfies the constant 
variance assumption. Figure 53 show the residuals following a straight line pattern 
in the Q-Q plot. This satisfies the normality assumption.
Table 38: Linear Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 14.27 4.43 3.22 0.002
DO -0.10 0.08 -1.22 0.23
pH -1.76 0.64 -2.72 0.008
Temp 0.08 0.03 2.42 0.02




















Figure 54: Residual vs Fitted plot
Normal Q-Q
Theoretical Quantiles 
lm(logen -  DO + pH + Temp + TSS)
Figure 55: Q-Q Plot
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13.2 M ultiple Logistic Regression
We fit multiple logistic regression for the ponded enterococcus dataset. The predictors 
in the model are dissolved oxygen, pH, temperature, and total suspended solids. The 
response variable is binary, where 1 indicates that the water is unsafe to swim and 0 
indicates that the water is safe to swim. The results are given in Table 39. pH was 
the only significant variable in this model. For every one unit increase in pH the odds 
of unsafe water are multiplied by 0.1142. This result is expected because the high 
levels of pH mean the water is more acidic. The acidic lake water usually contains 
fish with high levels of mercury [7]. When the pH is high it would be less safe to fish 
in the lake. Total suspended solids is marginally significant. The positive relationship 
was expected because when there are more solids suspended in the water the quality 
of the water decreases [7]. The p-value for the deviance is 0.088. This model does fit 
the data well.
Table 39: Logistic Regression Output
Coefficient Estimate Std. Error t-value p-value
Intercept 13.86171 6.78616 2.043 0.0411
DO -0.01740 0.10890 -0.160 0.8731
pH -2.17012 0.96139 -2.257 0.0240
Temp 0.04906 0.04475 1.096 0.2729
TSS 0.18487 0.09669 1.912 0.0559
13.3 Lasso Regression
The lasso method was used with all available predictors in the model. The response 
used for this model is the number of enterococcus in the water. For this model 
all variables were chosen in the model. The results are shown in Table 40. The 
best lambda value chosen cross validation is 283.3725. Figure 56 shows the mean 
squared error at a range of lambda values. Dissolved oxygen and pH have a negative
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relationship with the amount of bacteria in the water while temperature and total 
suspended solids have a positive relationship with the amount of bacteria in the water. 
These results were expected. When there is more solids suspended in the obscurities 
in the water are caused [7]. This will impact the water quality negatively. When 
there are lower temperatures there will be higher amounts of dissolved oxygen in the 
water [7]. Our results indicate that higher levels of dissolved oxygen improve water 
quality while higher temperatures decrease water quality. Figure 57 show as lambda 
increases the coefficients for the predictors decreasing but that all of them would still 
be selected by the model.
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Figure 56: Cross Validation plot
80
4 4 4 4 4 4
-5 0 5 10 15 20
Log Lambda
Figure 57: Coefficients plot
13.4 Discussion
We used linear regression, logistic regression and lasso regression to fit the ponded 
dataset. The p-value for the linear regression model indicating that it is a good model. 
The deviance for the logistic regression model suggested that the model fit the data 
well. The linear regression model is preferred when trying to predict the number of 
bacteria in the water. The logistic regression model is favored for predicting if the 
water is safe to swim. In this case the lasso method is best used as a variable selection 
technique when there is a large number of variables.
14 Conclusion
In this research, we have explored three possible fits to each set of data. We used linear 
regression to attempt to determine a relationship between the predictors that were 
available to us and the number of bacteria in the water. We used logistic regression
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to try to predict a relationship between the predictors and the overall safety of the 
water. Last, we used the lasso as a variable selection technique. Overall the multiple 
regression models all have an extremely low adjusted R-squared value. This indicates 
that a very low percent of the variation in the number of bacteria is being explained 
by the available predictors. For the logistic regression we used the deviance to test 
the goodness of fit for the models. A majority of the models had a p-value greater 
than 0.05 and were a good fit for the datasets. For all of the datasets the lasso method 
chose to keep all the variables in the model. This tells us that all of the variables are 
important in the prediction of the number of bacteria in the water.
In the future to continue this work, data with more available predictors should 
be collected. There are numerous variables that play a role in assessing the quality 
of water beyond what was available to us. Data containing the variables used in this 
study and other water quality parameters example Dissolved Reactive Phosphorus 
(DRP), Total Phosphorus (TP), Total Nitrogen (TN), flow discharge, flow velocity 
would add more predictive power to the models. Some of the residual plots showed 
patterns that may indicated a higher order fit is necessary. We would recommend 
exploring more than just the first order relationships. To further explore the logistics 
regression results, the lasso can be used to fit the generalized linear model. This may 
improve some of the models where the deviance had a p-value of less than 0.05 by 
using variable selection.
Lastly, we have shown that models can be used to predict the safety of the water 
for recreational activities in advance. This has the potential to prevent numerous 
illnesses caused by pathogens in the water.
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15 Appendix: R Code
Shown below is the R code for the E. coli dataset with an indicator of salinity. Similar 

































rec$logec < —log(rec%Ecoli +  0.000001) 
rec%logtds < — log(rec%TDS + 0.000001) 
rec%logtss < —log(rec%TSS +  0.000001)
rec%sal.ind < —ifelse(rec§Salinity >— 0.5,1,0)recl < —lm(logec DO + pH  +
sal.ind +  Temp -f logtds +  logtss, data = rec)
summary(recl)
rec2 < —lm(logec DO + pH  +  sal.ind +  Temp +  logtds + logtss + DO * pH  + DO * 
sal.ind +  DO * Temp + DO * logtds + DO * logtss +  pH  * sal.ind -f pH  * Temp +  pH  * 
logtds +  pH  * logtss +  sal.ind * Temp +  sal.ind * logtds +  sal.ind * logtss +  Temp * 
logtds +  Temp * logtss +  logtds * logtss, data = rec) 
summary{rec2)
rec3 < —lm(logec DO + pH  + sal.ind -f Temp + logtds +  logtss +  sal.ind * logtds + 
sal.ind * logtss +  logtds * logtss, data =  rec) 
summary (rec3) 
anova(recl, rec2, rec3)
plot(rec?>)rec%ec.ind < -ifelse{rec%Ecoli >~  126,1, 0)rec6 < -glm(ec.ind DO + 
pH  + sal.ind +  Temp +  TD S  +  TSS, fam ily  — binomial, data =  rec) 
summary(rec6) 
eclas — na.omit(rec)
x = model.matrix(Ecoli DO + pH  +  sal.ind +  Temp +  T S S  +  TD S , data = eclas) 
y = eclas%Ecoli
lasso.ecoli = glmnet(x[, — 1], y, alpha = 0, lambda = grid) 




cv.ecoli < —cv.glmnet(x[, —1], y, alpha =  0) 
plot(cv.ecoli)
bestlam.ee < —cv.ecoli%1ambda.min 
bestlam.ee
out = glmnet(x[, - 1], y, alpha =  0)
predict (out, type =  ”coefficients”,s  — bestlam.ec)[ 1 : 7,]
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